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Abstract
Experimental economics is an important branch of economics to study human behaviours in a controlled laboratory setting
or out in the field. Scientific experiments are conducted in experimental economics to collect what decisions people make in
specific circumstances and verify economic theories. As a significant couple of variables in the virtual experimental environment,
decisions and outcomes change with the subjective factors of participants and objective circumstances, making it a difficult task
to capture human behaviour patterns and establish correlations to verify economic theories. In this paper, we present a visual
analytics system, EBPVis, which enables economists to visually explore human behaviour patterns and faithfully verify economic
theories, e.g. the vicious cycle of poverty and poverty trap. We utilize a Doc2Vec model to transform the economic behaviours of
participants into a vectorized space according to their sequential decisions, where frequent sequences can be easily perceived
and extracted to represent human behaviour patterns. To explore the correlation between decisions and outcomes, an Outcome
View is designed to display the outcome variables for behaviour patterns. We also provide a Comparison View to support an
efficient comparison between multiple behaviour patterns by revealing their differences in terms of decision combinations and
time-varying profits. Moreover, an Individual View is designed to illustrate the outcome accumulation and behaviour patterns of
subjects. Case studies, expert feedback and user studies based on a real-world dataset have demonstrated the effectiveness and
practicability of EBPVis in the representation of economic behaviour patterns and certification of economic theories.

Keywords: visualization; visual analytics, information visualization

CCS Concepts: • Human-centred computing → Visual analytics; Information visualization

1. Introduction

As an important branch of economics, experimental economics
investigates individuals’ economic behaviours under controlled
conditions in the laboratory or out in the field. It simulates the
real-world environment to observe and analyse decisions made by
subjects motivated by practical rewards for verifying economic the-
ories. Currently, experimental economics has been used to address

economic issues such as the market mechanism, poverty trap and
salary administration [Org15, TT12]. To enhance the experiments’
validity [Bol10], economists often implement a set of scenarios and
real-effort tasks [CD17] to simulate real-life situations [BS07].

We collaborate closely with experimental economists to engage
in a laboratory experiment, focusing on investigating risk decision-
making and preferences of individuals under different rich and poor
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Figure 1: A case study for visual analytics of economic behaviour patterns in a laboratory experiment to investigate the risk decision-making
and preferences of individuals in rich and poor states. A behaviour pattern extraction model is conducted in the control panel (a), to transform
the economic behaviours into an embedding space (b), enabling users to easily perceive and extract behaviour patterns. The Outcome View
(c) reveals the correlation between decision behaviours and wealth, enabling users to focus on patterns of interest. Behaviour patterns are
visually compared in the Comparison View (d) in terms of decision combination and profit. The Individual View (e) illustrates the wealth
accumulation and behaviour patterns of subjects of interest, to further verify economic theories.

states. A series of real-life scenarios, such as investment, insurance,
loan and work, are incorporated into the experiment and played
repetitively over dozens of rounds. Each subject makes a choice (i.e.
decision), amongmultiple alternatives in each situation. These deci-
sions all affect the subjects’ wealth accumulations (i.e. outcomes),
such as buying lottery tickets, seeking medical attention and pur-
chasing insurance. The experimental procedures involve a substan-
tial number of experimental variables. What’s more, there are of-
ten hundreds of subjects recruited to participate in the experiment,
who behave diversely and unpredictably. Therefore, the experimen-
tal data are collected with the characteristics of high-dimension,
time-varying and large uncertainty, which makes it a difficult and
time-consuming task to capture human behaviour patterns and es-
tablish correlations to verify economic theories, e.g. the vicious cy-
cle of poverty [MV05] and poverty trap [DC08]. According to in-
depth discussions with domain experts, the challenges for the ex-
ploration of experimental economics data mainly come from three
aspects as follows:

C1: Dynamics and diversity of decision-making behaviours.
With cognitive biases, personal preferences and external situations,
subjects always present various behaviours during the same round.
For each subject, the decisions he/she made might be different
across repeated sessions [PWLM22]. Thus, the decision-making

behaviours are highly dynamic and diversified, which brings great
challenges for the extraction and analysis of behaviour patterns.

C2: Mutual effect between decision-making behaviours and
outcomes. Subjects often make decisions according to their eco-
nomic conditions. Meanwhile, the decisions made by the subjects
also have effects on the outcome accumulations. For example, a se-
ries of decisions made by a subject in different sessions would lead
to changes in his outcome. At the same time, different levels of out-
comes would also guide the subject to change decisions tomaximize
his outcome. Such mutual correlations are complicated to model for
further certification of economic theories.

C3: Limitation of traditional analytical methods. Economists
typically explore experimental data using statistical models and
software like SPSS [SPS90] and R [DP08]. Such methods ei-
ther present limited results without suitable interpretations or re-
quire experienced programming skills for desired visualizations
and analysis, which brings much trouble for experts to interac-
tively explore the dynamic processes of decision-making, deci-
sion adjustments, and outcome changes according to their domain
knowledge.

To address the above challenges, we develop a visual analyt-
ics system, EBPVis (Figure 1), enabling economists to explore the
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behaviour patterns of subjects contained in the experimental eco-
nomics data. First, we utilize a Doc2Vec [LM14] model to trans-
form subjects’ behaviours into a low-dimensional embedding space
according to their sequential decisions, in which the underlying
behaviour patterns can be visually captured and easily extracted
(C1). Second, a coordinates-based Outcome View is designed to
measure the wealth variables of behaviour patterns, allowing the
economists to visually explore the correlation between human be-
haviour patterns and outcomes (C2). Moreover, a Comparison View
with nested radar maps is proposed to quickly identify the differ-
ences between multiple behaviour patterns, which provides a com-
prehensive and intuitive comparison of behaviour patterns from
aspects of decision combinations and time-varying profits (C2).
Meanwhile, an Individual View comprised of glyph-embedded line
charts and horizon graphs is designed to illustrate the evolution-
ary behaviours and outcomes of individuals in detail (C3). Case
studies based on a real-world dataset have demonstrated the valid-
ity of our system in visually exploring human behaviour patterns
and faithfully verifying economic theories from multiple perspec-
tives. In summary, the major contributions of this paper are listed as
follows:

• To the best of our knowledge, we are the first to design visual
analytics technologies for exploring experimental economics data
and verifying economic theories (i.e. poverty trap).

• A deep text representation model (i.e. Doc2Vec) is utilized to
capture the economic behaviour patterns according to the co-
occurrence likelihood of decisions and outcomes.

• A visual analytics system, EBPVis, integrates effective visualiza-
tions and interactions designed to facilitate the establishment of
correlations between economic behaviours and outcomes.

2. Related Work

2.1. Economic behaviour analysis

Empirical analysis in behavioural economics tests assumptions by
observing actual behaviours [WBK19]. As a variance, experimen-
tal economics aims to study people’s economic behaviour in a con-
trolled laboratory setting or out in the field. For example, Bo et al.
[BQL*20] explored managers’ behaviour in a controlled economic
experiment affecting the distribution mechanism of medical deliv-
ery systems. Tian et al. [TCS19] conducted an online interactive
experiment to study the behavioural effects of a tradable mobility
credit scheme. Recently, visualization techniques have been widely
applied to analyse economic behaviours [KCA*16]. For example,
Gunaratne and Nov [GN15] developed a user interface for retire-
ment decision-making based on endowment effect and loss aversion
to help users adjust their behaviours. Wesslen et al. [WKMD21]
conduct a controlled and incentivized crowdsourced experiment
replicating Benartzi and Thaler [TB99] and extending it by test-
ing the effect of a range of new uncertainty visualizations on my-
opic loss aversion. Savikhin et al. [SLFE11] exploited Portfolio-
Compare, an interactive visual analytic decision support tool for
analysing risk and return in economic experiments. Csallner et al.
[CHLS03] developed FundExplorer, using context treemaps to en-
hance the transparency of equity mutual fund portfolios and aid
diversification. To help non-expert users interpret financial data,
Rudolph et al. [RSE09] proposed a visual analytics tool, FinVis,

through which the decision-maker quickly chooses between finan-
cial portfolio options. To the best of our knowledge, there are few
studies focusing on the visual exploration and analysis of exper-
imental economics data in the visualization community. This pa-
per implements a visualization system to explore the economic be-
haviour patterns located in the experimental economics data.

2.2. Event sequence visualization

Event sequence data refers to a series of discrete events, which are
temporally ordered according to their occurrence. A variety of vi-
sualization methods have been proposed to explore the patterns of
event sequence data [ZYC*24]. Guo et al. [GGJ*21] reviewed the
visual analytics methods for event sequence data exploration, and
classified them into representation, interaction technology and ap-
plication. Chen et al. [CXR17] proposed a visual summary of event
sequence data with the minimum description length principle, en-
abling users’ detailed exploration. Guo et al. [GXZ*17] introduced
EventThread, a visualization system specializing in healthcare, of-
fering visual summarization and stage analysis of event sequence
data. They also designed an unsupervised stage analysis algorithm
[GJG*18] to uncover key stages in event sequences, using visualiza-
tion to reveal evolutionary patterns across these stages. Gotz et al.
[GZW*19] proposed a visualization method for the hierarchical ex-
ploration of high-dimensional medical event sequence data. Cap-
pers et al. [CvW17] presented an approach to facilitate both tem-
poral and structural analysis of multivariate event sequence data.
Liu et al. [LWD*16] proposed an analysis pipeline to mine, prune
and explore clickstream data to understand common visitor paths.
Law et al. [LLMB18] developed a mining and querying user in-
terface, MAQUI, allowing the analysts to recursively explore event
sequence data. In contrast, our work not only considers the sequen-
tial features in the decision behaviours, but also takes into account
the associated wealth features before and after each decision toward
a better comprehension of economic behaviour patterns.

2.3. Association rule mining

Association rule mining (ARM) is a most popular research topic
in the field of big data analysis, the goal of which is to discover
association rules in the transaction database. It has many real-life
applications, such as marketing strategies, cause analysis of acci-
dents and news recommendations. Based on the well-known Apri-
ori algorithm [AS*94], a variety of ARM algorithms have been
proposed to improve the association rule interestingness measures
[LVML07] and performance [HPY00]. Two phases are often in-
cluded like the mining of frequent item sets and the generation of
rules with these item sets. However, the occurrence time or sequen-
tial ordering of events is ignored in the process. Thus, sequential rule
mining (SRM) was proposed, which focused on the exploration of
sequential rules according to sequential ordering, aiming at the so-
lution of prediction-related tasks. Many SRM algorithms have been
proposed to mine the sequential rules by means of a pattern-growth
or a vertical approach. Based on the SRM, a number of related topics
are studied such as frequent sequential patterns, maximal sequential
patterns and closed sequential patterns [FVLK*17]. In this paper,
the association between decision behaviours and outcomes in eco-
nomic experiments is also a focus of our work.
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2.4. Visual analysis of multi-dimensional data

Multi-dimensional datasets are widely collected in a variety of ap-
plication domains, such as biology, economics, medicine, statis-
tics and chemistry. Various visualization methods have been im-
plemented to convey the multi-dimensional structural informa-
tion [LMW*16, MKW24]. In these methods, scatterplot matrix
[KHD*10, HSvK*19a] and parallel coordinate plots [RLS*18,
ZMZ*21] are widely used to discover the features and trends of
multi-dimensional data. The scatterplot matrix is a collection of bi-
variate scatterplots, allowing users to easily analyse the relation-
ship between any pair of dimensions easily. In contrast, parallel
coordinate plots display all axes simultaneously, with each data
item represented as a polygonal line connecting corresponding val-
ues on the axes, better revealing multivariate relationships. Other
methods can also be applied to explore the relationship pattern
for multi-dimensional data, such as star coordinates [Kan00], Rad-
viz [HGM*97] and glyphs [BKC*13]. To reduce the visual clut-
ter of large-scale multi-dimensional data, various extensions are
developed to enhance multi-dimensional data analysis based on
the axes recording [HW13], edge bundling [ZYQ*08], sampling
[HSVK*19b], clustering [LWCC17], etc. The decisions and out-
comes in the economic experiments are characterized as multi-
dimensional time-series data. Effectively displaying and comparing
them plays a crucial role in exploring experimental economic data.

3. Requirement Analysis and System Overview

3.1. Background

Weworked closely with the director of the Center for Economic Be-
havior and Decision-making1 at one university. The director and his
team have long been dedicated to the interdisciplinary study of eco-
nomics, spanning behavioural economics, experimental economics
and computer simulation of human social behaviours. Recently, they
conducted an economic experiment exploring the endogenous pro-
cess of biochemical poverty to investigate risk preferences of in-
dividuals in different rich and poor states. They have recruited 304
subjects (160 males and 144 females) from different grades (includ-
ing freshmen to seniors) and different majors (including economics,
law, computer science, etc.). Each subject is provided with a com-
puter equippedwith the experimental system, andwill be introduced
with the use of the system.

As depicted in Figure 2, this experiment consisted of a series
of scenario-based simulations conducted over 20 rounds. In each
round, there were 13 sequential sessions covering scenarios like
work and health investment. Among them, the work session intro-
duced a real-effort task where subjects earned wealth by answering
questions. To make the experiment more realistic, subjects had to
consume constant wealth on living expenses to survive in the work
session. An unemployment session was designed so that each sub-
ject had a certain probability of being unemployed. In the investment
session, subjects could invest their own money, and the rewards of
their investments were decided by a probabilistic model. The disas-
ter session simulated the loss of property caused by disasters such

1https://cebd.zufe.edu.cn/English/Home.htm

Figure 2: Experimental procedures are designed to study the cor-
relation between human behaviour patterns and outcomes.

as earthquakes, floods, typhoons and fires in life. In the session on
risk preference, the subjects had to undergo a process of testing to
determine their risk preferences. The experimental system offered
subjects various risk-level choices, with outcomes determined by
coin tosses. Other sessions aimed to simulate real-life situations and
provide a good sense of substitution and reality as far as possible.
Alternative choices in each session and the corresponding profits are
summarized in the supplementary material.

It should be noted that the round number of the experiment
was formulated by our cooperative experts. The experts were in-
terviewed and told us that they had carried out a lot of explorations
about the round number of the experiment. Finally, it was found
that 20 rounds could just widen the subjects’ wealth gap effec-
tively, which was sufficient for them to investigate the risk decision-
making and preferences of individuals under different rich and poor
states. With fewer rounds, the wealth gap is not obvious. The sub-
jects have to spend more time on repeated experiments with too
many rounds. Statistical results have shown that it took about 6 min
to complete a round, and each subject spent about 2 h on the whole
experiment. Another point is that the order of the 13 experimental
sessions was fixed by domain experts. The former sessions such as
work, investment, and insurance were to create wealth and protect
wealth, while the latter sessions such as disaster and illness were
to consume wealth. Such a fixed-sequence experiment could reduce
the complexity of scenarios, making it easier for subjects to under-
stand the rules and get familiar with the experiment. In addition, the
initial wealth of each subject was 0 before the first round. Thewealth
earned by the subjects was not cleared after each round, and it would
be carried to the next round for investment, insurance and other ses-
sions. All subjects were compensated for their participation in this
study. Particularly, the subjects who gained virtual wealth in the ex-
periment would receive real money. The more wealth one subject
earned, the more reward he/she received. The motive to earn money
will enable subjects to make efforts to earn more wealth in the ex-
periment. Finally, the economic behaviour data is collected by the
experimental system, which contains 304 (subjects) × 20 (rounds)
= 6080 records. Each record holds the decision information and
the associated wealth information of a subject in a round of experi-
ments.
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3.2. Requirement analysis

Given the experimental data, the domain experts (from the Center
for Economic Behavior and Decision-making) always utilize tradi-
tional data analysis tools like SPSS [SPS90], STATA [CT*10] and
R [DP08] to focus on some fragments such as the session of risk
preference in each round (Figure 2), and study the risk preference
of individuals in different rich and poor states. However, it is still a
difficult task to take advantage of both the multi-dimensional deci-
sions and time-varying outcomes in the experimental data, get deep
insights into the economic behaviours and draw comprehensive con-
clusions from the economic theories. Therefore, the experts claimed
that it would bewonderful to design a visual analytics tool to explore
intricate decision behaviours in addition to their effects on the deci-
sion sequence and wealth. This would yield valuable insights to im-
prove experimental parameters and verify poverty-related economic
theories like the poverty trap and the vicious circle of poverty. We
have held seminars with the experts twice a month in the past half
year. The entire process was divided into two phases, each consist-
ing of extensive formal interviews with all or partial experts. The
first month was the first phase, which was to identify the expert
needs and analysis tasks in their exploration of economic behaviour
patterns. The following 5 months involved iterative development of
the visual analytics system based on expert feedback. Four require-
ments were summarized based on our discussion with the experts,
which are listed as follows:

R1. How to extract the behaviour patterns? In each experi-
ment round, the behaviour of each subject is characterized by a se-
ries of decisions on multiple sessions. The decision combinations
covering all subjects and all rounds make it complicated to extract
the behaviours of subjects. In addition, the associated wealth also
presents the underlying nature of behaviours. Thus, identifying be-
haviour patterns with both decisions and wealth considered is cru-
cial for economists to reduce their cognitive burden of massive de-
cision behaviours.

R2. How to display and compare the behaviour patterns? It is
always found that some behaviours share similar patterns with each
other in terms of decisions and wealth effect. Thus, it is significant
to provide economists insights into the dimensions of decisions and
wealth, for the enhancement of the awareness of behaviour patterns.
Besides, revealing the behaviour pattern from aspects of distribution
characteristics, temporal trends and wealth profits will also facilitate
economists to compare and explore the inter-pattern difference.

R3. What is the correlation between behaviour patterns and
wealth? The behaviours of the subjects in the experiment exhibit
a close correlation with the changes in wealth. Which behaviour
pattern can help the subjects to gain profits as far as possible? How
are the behaviours limited by the individual wealth condition? Is
there any difference in behaviours between the poor and the rich
states? It is an important task to understand the rationality behind
the behaviour patterns, enabling economists to analyse the intricate
correlations between behaviours and wealth.

R4. How do the behaviour patterns and wealth of a subject
evolve over time?Behaviour patterns of the subjects vary with time
according to their different decisions on specific experimental ses-
sions. Which decision mainly affects the wealth profit in a round of
experiments? How are the behaviour patterns of the subjects trans-

Figure 3: The system pipeline of EBPVis. Three modules are in-
cluded: (1) Raw experimental data are processed in the data pre-
processing module. (2) The behaviour pattern extraction module
represents the behaviours as vectors. (3) The visualization module
is provided to explore behaviour patterns.

formed from one to another? It is an inevitable task to display such
individual-level information in detail, enabling economists to get
deeper insights into common and unique behaviour patterns.

3.3. System overview

The system pipeline of EBPVis is presented in Figure 3. Three com-
ponents are included: data pre-processing module, behaviour pat-
tern extraction module and visualization module. The raw exper-
imental data are loaded and processed in the data pre-processing
module. The behaviour pattern extraction module is implemented
based on a free Python library Gensim, which includes a set of Nat-
ural Language Processing (NLP)models. In particular, the Doc2Vec
model is applied to manipulate the processed data for the extrac-
tion of high-level behaviour patterns. The visualization interface
is composed of four well-structured visualization views, enabling
users to explore the behaviour patterns and the associated factors
fully.

4. Economic Behaviour Pattern Extraction

According to the above discussions, experimental data have high-
dimensional and time-varying characteristics. Traditional sequential
patternmining (SRM)methods [FVLK*17] focus on identifying the
longest and most frequent patterns in an automated way. Applying
these methods to extract behaviour patterns still suffers from several
problems. One is that the relation between the identified patterns is
difficult to quantify and convey. Economists need to explore the be-
haviour patterns considering all the decisions in the context of the
entire experiment. Another point is that SRM is sensitive to param-
eters such as minimum support and minimum length, which often
requires users to undergo a trial-and-error process, thus forming bet-
ter quality patterns.

In the field of NLP, embedding techniques have been widely
used to analyse and model the relational context in text, such as
Word2Vec [MCCD13] and Doc2Vec [LM14].Word2Vec learns dis-
tributed representations of words following the rationale that words

© 2024 Eurographics - The European Association for Computer Graphics and John Wiley & Sons Ltd.
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Figure 4: The illustration of behaviour pattern extraction: (1) pure decision sequence, (2) wealth-enhanced decision sequence integrating
the decision and wealth information and (3) sequence representation.

sharing similar contexts tend to have similar vector representations.
As an extension of Word2Vec, Doc2Vec incorporates document
or sentence IDs into the word sequences to maximize their co-
occurrence likelihood with the representations of documents and
words learned simultaneously. Due to fully exploiting the semantics
of words in documents, Doc2Vec can map documents with similar
contextual structures to a similar position in the vector space. In
addition to representing texts, Doc2Vec is capable of constructing
representations for sequential data, just as the economic behaviours
studied in this paper. By contrast, the standard econometric mod-
els are mainly linear regression, binary logit and multinomial (or
nested) logit, which focuses on identifying causal effects, testing hy-
potheses and estimating parameters [DE20] [ABRS21]. They are in-
capable of semantic description and semantic analysis for sequence
data, thus the common characteristics in the numerous and com-
plicated economic behaviours cannot be effectively mined and ex-
plored. Therefore, Doc2Vec is leveraged here to discover and extract
underlying behaviour patterns combining both sequential features
from the decisions as well as the associated wealth features.

4.1. Corpus generation

The raw experimental data record the detailed decisions covering
304 subjects and 20 rounds. The behaviour made by the pth subject
during the qth experimental round is denoted as Spq (1 ≤ p ≤ 304,
1 ≤ q ≤ 20). As shown in Figure 2, the experiment designs 13 ses-
sions in each round, ranging fromwork to inter-temporal choice and
risk preference. In particular, the session of unemployment deter-
mines whether a subject can work in the next round. So we remove
the unemployment session from the current round, and combine it
with the work session of the next round into a single session, which
consists of two choices: employment and unemployment. Finally,
12 sessions in total are reserved to construct the decision sequence,
which is numbered i = 1, 2, . . . , 12. Therefore the behaviour of one
subject in a round can be characterized by a sequence of decisions.
As shown in Figure 4(1), Spq = (d11, d22, . . . , di j, . . .) and di j indi-
cates that the pth subject selects the jth choice in the ith session.

However, decision features are still insufficient for the explo-
ration of economic behaviours and their correlations with outcomes.
The identical behaviours corresponding to the same decision se-
quence would also produce significantly different outcomes. For ex-
ample, two subjects both choose ‘Yes’ in the session of investment,
but their outcomes are randomly set by the experimental system.

The lucky subject might receive a positive outcome while the other
with bad luck would lose wealth. Similar things often occur in the
other sessions, which have a variety of impacts on the final outcome.
Our collaborative experts wanted us to distinguish between such be-
haviours by precisely describing and analysing the derived patterns
in terms of both the decision features and wealth features.

To meet this requirement, we define another two types of nodes
in addition to the decision node, and incorporate them into the pure
decision sequence, as illustrated in Figure 4(2). Before each ses-
sion, we classify the wealth of subjects into two categories: poor
and non-poor. Similarly, the profits after each session are grouped
into three categories: positive profit, zero profit and negative profit.
Each decision node di j is, respectively, linked with a wealth node
wi−1 ahead of it and a profit node pi behind it, representing what
kind of wealth condition the subject possesses before he makes a
choice in the session and whether he earns some money after he fin-
ishes the session. The behaviour made by the pth subject in the qth
round is initially composed of a series of pure decision nodes. After
the wealth nodes and profit nodes are inserted into it (Figure 4(2)),
Spq is revised as {w0, d11, p1, w1, d22, p2, w2,…, wi−1, di j, pi…}
andw0,w1,…,wi, . . . ∈ {poor, non-poor}, p1, p2,…, pi,…,{positive-
profit, zero-profit and negative-profit}, which contains complemen-
tary information about the initial wealth and profit. The behaviours
of all subjects across all rounds are transformed into such wealth-
enhanced decision sequences by the way described above, which
generate a large and complete corpus.

4.2. Doc2Vec-based pattern extraction

In our behaviour pattern extraction model, we regard
behaviours as documents structured by decision nodes,
wealth nodes and profit nodes which, in turn, are ana-
logical words from a special language. Each behaviour
Spq = {w0, d11, p1, w1, d22, p2,w2, . . . , wi−1, di j, pi, . . .} is mod-
elled as a document docm = {word1, word2,…, wordn,…}. The
skipgram model, paragraph vector-distributed bag of words (PV-
DM), is then applied to learn behaviour embeddings. As shown in
Figure 4(3), treating wn ∈ dm as occurring in the context of dm, we
aim to maximize the following log-likelihood:

1

N

N−k∑

i=k
log p(wi|di,wi−k, . . . , wi+k ) (1)

© 2024 Eurographics - The European Association for Computer Graphics and John Wiley & Sons Ltd.
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where N stands for the length of the behaviour sequence, k is the
size of the text window and the prediction task can be completed
using a softmax classifier:

log p(wi|di, wi−k, . . . , wi+k ) = eZwi

∑e
Z j

j

(2)

Z = b+Uh(di, wi−k, . . . , wi+k;W,D) (3)

Each of Zj is un-normalized log-probability for each output word
j, where U and b are the basic parameters of the softmax and h is
derived by averaging or concatenating the word matrixW and para-
graph vector D. After training using stochastic gradient descent and
backpropagation, the document vectors, namely the behaviour vec-
tors, are learned. These vectors, inferred by fixing features of deci-
sions, profits and wealth conditions, map similar behaviours to sim-
ilar positions in the vector space, which indicates the subjects make
consistent decisions and gain or lose wealth synchronously on mul-
tiple sessions in the same rich or poor states.We compared Doc2Vec
with traditional SRM in behaviour capture, as detailed in the supple-
mentary material. The results indicate that Doc2Vec can more effec-
tively learn and quantify contextual features of decision sequences.

4.3. Experimental comparison

To further prove the necessity of considering wealth information,
we conducted experiments comparing clustering results with and
without considering the wealth and profit information, which proves
that introducing the wealth and profit information into the data se-
quence will generate better clusters. Two types of data sequences,
i.e. whether adding the wealth nodes and profit nodes into the de-
cision sequences, are, respectively, trained by the Doc2Vec model
and transformed into vectors. Then the K-Means method is utilized
to group the vectors into different clusters. To quantify the homo-
geneity of wealth, decision and profit in each cluster, an evaluation
metric, average clustering entropy, is defined as follows:

entropy = −1

S

S∑

i=1

|Ai|∑

j=1

pi j log pi j (4)

where S is the number of experimental sessions and A ∈{wealth,
decision, profit}. In addition, pi j denotes the percentage of be-
haviours in this cluster whose wealth/decision/profit category on the
ith session = ai j, where ai j ∈ Dom(Ai). Thus, this metric represents
the average value of information entropies covering all sessions with
respect to wealth features, behaviour decisions or profit levels. A
small entropy value indicates a better clustering result.

Figure 5 gives an overview of the scores of clusters under differ-
ent numbers (k = 30, 60, 90). We can clearly notice that when the
wealth and profit information is taken into consideration, the gen-
erated clusters for all k values have higher qualities, especially in
terms of wealth and profit. This result is expected and confirms that
the addition of wealth and profit information can make the wealth
features and profit features more uniform and homogeneous. Unex-
pectedly, the clusters that consider the wealth and profit informa-
tion also show more consistent decisions. This indicates that there
are indeed correlations between decisions and outcomes, and these
implicit correlations can be captured by the Doc2Vec model. So in

Figure 5: Boxplots summarize the comparative results for the clus-
ters generated in the Doc2Vec-based embedding space, where a
lower score indicates better clustering results.

addition to the wealth and profit, the decision consistency is also
enhanced. In conclusion, the comparative results reveal that joint
consideration of both decision information and wealth-related in-
formation will bring better-quality clustering results than the one
with only decision information considered.

5. Economic Behaviour Pattern Visualization

To enable users to easily capture the economic behaviour patterns
and their correlations to the outcomes, we design a visualization sys-
tem in which a control panel (Figure 1a) and four coordinated visu-
alization views are provided including Decision View (Figure 1b),
Outcome View (Figure 1c), Comparison View (Figure 1d) and In-
dividual View (Figure 1e).

5.1. Behaviour pattern embedding

Based on the behaviour pattern extraction model in Section 4, in
order for the distance between each pair of behaviours to repre-
sent their similarity, we employ t-SNE [GCL*22] to project all
behaviours into a two-dimensional space, where each point repre-
sents a behaviour created by a subject in some experimental round.
Thus, similar behaviours (we define them as a pattern (R1) in this
paper) would be closely distributed, which can be easily detected
through visual perception and common clustering methods such as
DBSCAN [EKSX96] and K-Means [HW79].

In the Decision View, a couple of colour encoding schemes are
designed to reveal the correlation between behaviour patterns and
the initial wealth and profits (R3). For the initial wealth encoding,
the green colour means that the behaviour is created by a rich subject
before he enters the round, while the red colour means a poor sub-
ject’ s behaviour. For the profit encoding, the green colour denotes
a positive profit while the red colour means a negative profit. Points
encoded with wealth or profit would help the users easily identify
those clusters and outliers of interest. Thus, users can easily spec-
ify a group of behaviours in the Decision View with the rectangular
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8 of 16 Liu et al. / EBPVis

Figure 6: A couple of design alternatives for displaying patterns in the Comparison View. (a) Arranging two parallel coordinates vertically to
respectively show the profit information and decision information. (b) Dividing a radar map into an upper part and a lower part to respectively
show the profit information and decision information. Our system uses a nested radar map (c) to combine two kinds of information tightly,
providing a better overview of the behaviour patterns.

marquee tool, to define a behaviour pattern of interest. Besides, the
control panel (Figure 1a) offers a timeline and checkboxes to facil-
itate user interaction. The period can be specified by brushing the
timeline, and multiple sessions of interest can be selected by tick-
ing the corresponding check boxes, which can trigger interaction
in the Decision View with the desired behaviours re-learned by the
behaviour pattern extraction model.

5.2. Pattern visualization and comparison

TheComparisonView provides the overviews ofmultiple behaviour
patterns, which are those specified in the Decision View. As shown
in Figure 1(d), the side-by-side comparisons of behaviour patterns
are provided by dividing the Comparison View into horizontally
juxtaposed regions from left to right [YBL*19]. Each region is ded-
icated to a pattern, thus users can quickly explore the difference in
terms of decision preference and economic profit between patterns
(R2).

Figure 1(d) provides an overview of a behaviour pattern, which
is composed of a line chart in the upper part and a nested radar map
in the lower part. The line chart has a horizontal axis for rounds
and two vertical axes for the number of subjects and mean profit. In
the background, the height of the theme river, corresponding to the
left vertical axis, encodes the number of subjects whose behaviours
belong to this pattern. In the foreground, the solid line encodes the
mean profit resulting from the behaviours of this pattern and the
horizontal dotted line represents the zero-profit baseline, which all
correspond to the right vertical axis. The nested radar map consists
of an inner and outer part, which is constructed with 12 co-centrical
circular axes. Each axis represents one experimental session. The
outer part displays the dynamic profits changedwith sessions, where
the blue line representing a behaviour is drawn by connecting the
profit values on 12 axes. A red circle crossing all axes is taken as
the zero-profit baseline. The point outside of the baseline encodes
the positive profit. The larger the profit value, the longer distance it is
from the baseline. In a symmetrical manner, the point inside of, and
distant towards the baseline encodes a large negative profit. In the
inner part, discrete nodes of each axis represent the available choices
in the corresponding session. The width and colour depth of the line

between adjacent sessions encode the flow between two decisions
in adjacent sessions. The names of the dominant decisions in each
session are displayed in the middle position between the inner part
and the outer part.

In Figure 6, a couple of possible designs would arrange two par-
allel coordinates vertically or divide a radar map into an upper part
and a lower part, to show the profit information and decision infor-
mation. However, the continuous profit values and discrete decision
options create a significant difference, making it difficult for users to
perceive the graph as a cohesive whole. Our adopted design applies
a nested radar map to combine the two features more tightly, offer-
ing an intuitive overview of behaviour patterns and clearly revealing
the impact of decisions on session-level profit.

5.3. Correlation between pattern and wealth

The Outcome View shows the wealth variables for different be-
haviour patterns, enabling users to explore the correlation between
behaviour patterns and wealth intuitively (R3). The experts pay
more attention to these two variables, namely the initial wealth and
the profits, which are both key factors in exploring the mutual effect
between behaviour patterns and wealth. This is because the former
can help explain how wealth affects behaviours, and the latter can
illustrate how the behaviours affect wealth. We design the Outcome
View as a Cartesian coordinates. As shown in Figure 1(c), x-axis
represents the initial wealth values while y-axis represents the profit
values. The users can change the axes of x-axis and y-axis according
to their requirements. Each point presents a behaviour, which is
placed in the Cartesian coordinates according to the corresponding
initial wealth and profit. By observing point distribution, users can
quickly see how behaviour patterns and wealth affect each other. In
addition, we provide a clustering mode (Figure 7a) to establish the
correlation between the behaviour pattern and wealth from a high
level. In this case, all points of the same pattern are merged into a
circle, which is placed at the centroid of these points. Meantime,
the radius of this circle encodes the number of points. The circle
represents statistical information about the behaviour pattern,
including average initial wealth, average profit and total number
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Figure 7: Four behaviour patterns are displayed in the Outcome View under the mode of (a) cluster and (b) scatter, which is denoted as
P1 (the rich subjects earned wealth), P2 (the poor subjects earned wealth), P3 (the poor subjects lost wealth) and P4 (the rich subjects lost
wealth). The Comparison View shows the pattern overviews in terms of decision combinations and dynamic profits in (c)–(f).

Figure 8: Four design alternatives for displaying the profits of a
subject in the same round. Red colour means a negative profit, and
green colour means a positive profit. (a) is utilized to display profits
in our system. (b) and (c) are linear designs, which need more space
to achieve a similar level of legibility. (d) is a star glyph, in which
the lines are difficult to visually capture especially when the glyph
is small and has a low colour saturation.

of behaviours. Thus, users can quickly identify patterns of interest,
e.g. which behaviour pattern can help subjects gain the most profits.

5.4. Individual behaviour pattern

The Individual View displays the detailed information of individu-
als at the micro-level, which helps users to further track and com-
pare different subjects’ decision strategies and wealth accumula-
tions over time (R4). As shown in Figure 1(e2), the horizontal and
vertical axes, respectively, encode the experimental rounds and the
total wealth. Initially, 20 whisker plots are displayed to show the
distribution of wealth values of all subjects in each round. If one
subject is selected through other views, his/her wealth-change line
will be shown. To distinguish each session’s contribution to the net
profit of one round, a petal glyph [KAW*14] is designed to overlay
the corresponding coordinate point. The glyph consists of 12 sec-
tors representing the 12 sessions (Figure 8a), of which the angles
are consistent with the nested radar maps. Red and green indicate
a negative profit and a positive profit, and the length of each sector
encodes the absolute value of the profit. In the beginning of glyph
design, we considered several possible designs (Figures 8b–d) such
as bar chart and star glyph. However, the bar chart requires more
space to display, thus achieving a comparable level of legibility as

that of the petal glyph [MR10]. The single line in the star glyph is
relatively difficult to perceive especially when the glyph is small and
has a low colour saturation. Ultimately, we opted to discard these
options in favour of the current design, which is more compatible
with other views and easy to encode and convey numerical profit
values [ZWC*17].

A list of horizon graphs is shown on the left side of the Individual
View (Figure 1(e1)). Each horizon graph represents a subject, which
summarizes the time-varying profits of all sessions. Similarly, red
and green colours indicate negative and positive profits, and their
intensity indicates the magnitude. The horizon graph and the glyph-
embedded lines convey the information of one subject from differ-
ent angles. Beyond showcasing dynamic wealth, glyph-embedded
lines facilitate comparing the profits of different sessions in the same
round. In contrast, the horizon graph provides a more intuitive com-
parison on the profits of one session in different rounds.

6. Evaluation

Three experts E1, E2 and E3 are invited to employ EBPVis for the
evaluation of the capabilities of our system. E1 is an experienced
researcher specializing in experimental economics, contributing 6
years of dedicated research at the Center for Economic Behavior and
Decision-making as mentioned in Section 3. E2, a microeconomics
professor, has substantial expertise in analysing income distribution
among diverse individuals and households. E3 fulfils the role of a
dedicated government poverty alleviation worker, committed to op-
erating in impoverished areas and overseeing the meticulous imple-
mentation of targeted policies.

6.1. Correlation analysis between patterns and outcomes

E1 explored the behaviour data covering all the sessions and all
rounds, hoping to find some correlations between patterns and out-
comes (R3). First, he navigated the patterns under the cluster mode
in the Outcome View, as shown in Figure 7(a). Then, four patterns
(denoted as P1, P2, P3 and P4) in the first, second, third and fourth
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10 of 16 Liu et al. / EBPVis

Figure 9: Four interesting subjects are highlighted in the Individual View. They have different wealth evolutionary patterns due to their own
effort, luck and decisions. The four horizon graphs are listed on the left to represent the patterns of their whole life.

quadrants were selected, and their pattern overviews were displayed
in the Comparison View at the same time. E1 said that the selected
patterns corresponded to four different behaviours: the rich sub-
jects earned wealth, the poor subjects earned wealth, the poor sub-
jects lost wealth and the rich subjects lost wealth. To further under-
stand the reasons behind these patterns, he examined the Compari-
son View to explore the differences between these patterns in depth
(R2). For the pattern P1 (Figure 7c), a large number of lines were lo-
cated outside of the red circle along the axes of loan, investment and
venture, indicating that the three sessions all brought in respectable
profits for the subjects.

Besides, by observing the line chart at the top, E2 found the num-
ber of subjects belonging to this pattern gradually increased. E2
thought that repeated experiments gave subjects the opportunity to
learn and adapt their behaviour to experience, and such decision be-
haviour of ‘earning money’ was learned by more and more peo-
ple. Next, E2 paid attention to the pattern P2, which was beyond
our understanding. Figure 7(d) showed a ‘High’ label on the axis
of ‘Health investment’ and a ‘Yes’ label on the axis of ‘Insurance’,
indicating that the subjects purchased health insurance and property
insurance. However, there was no reduction in their wealth because
the corresponding lines overlapped with the red circle along the two
axes. Our experts told us that to help the poor get rid of poverty, a
poverty alleviation policy was introduced after the tenth round to
provide cost-free health insurance and property insurance for a part
of poor subjects. They speculated that these subjects were the lucky
ones enjoying the poverty alleviation policies.

E3 examined the line chart and found this pattern started to ap-
pear in the 11th round. He said such kind of pattern was success-
fully discovered by our system. Furthermore, E3 believed that the
poverty alleviation policy prevented the poor subjects from property
loss caused by illness and disaster, resulting in their wealth accu-
mulation. In contrast, poor subjects in pattern P3 (Figure 7e) lacked
health and property insurance, leading to significant wealth reduc-
tion from illness and disaster losses outweighing earnings. Finally,
the pattern P4 was explored by the experts. As shown in Figure 7(f),
though the subjects made investments and venture investments, the
profits were relatively low compared with pattern P1. What’s worse,

the subjects had a ‘High’ illness, which meant they had to spend
more money on getting better treatment. All these factors had a neg-
ative impact on their wealth. E2 commented that such behaviours
were uncommon, as few patterns appeared in the fourth quadrant of
the Outcome View.

6.2. Individual behaviour exploration

After exploring a number of subjects, E1 found four interesting in-
dividual cases (R4) as shown in Figure 9. It was shown that Subject
1 with a high working ability constantly borrowed money to invest
and re-pay the loan as shown in Area I of Figure 9. But he had been
unlucky in the session of the venture, his wealth fluctuated wildly. In
contrast, the wealth of Subject 2 continued to fall due to the illness
from the 7th round to the 14th round, and dropped from the middle
class to the poor as shown in Area II of Figure 9. For Subject 3, he
lost the job in the 6th round and the 7th round as shown in Area III of
Figure 9.What’s worse, hewas stricken by a serious illness in the 7th
round. But later this subject had been working hard and made him
rich again. As we can see, the leftward sectors, corresponding to the
work session, dominate the glyphs obviously from the 9th round to
the end. Compared with four subjects, Subject 4 was a poor person
throughout the entire experiment. Though he struggled to increase
his wealth by working in several rounds, he still failed to escape
poverty. Besides, the horizon graphs on the left side of Figure 9 also
revealed the corresponding wealth evaluations clearly, where green
and red represented the poor and rich. E1 commented ‘This sup-
ports the theory of the vicious cycle of poverty, asserting that the
poor are getting poorer and poorer, and the rich are getting richer
and richer. However, if a poor person can seize the opportunity and
make a change actively, he will achieve success’.

6.3. Interactive pattern extraction by disrupting the session
order

Events occurring in real-world scenarios rarely adhere to a consis-
tent order for individuals. To authentically simulate real-world situ-
ations, we meticulously developed a web-based system that allows
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Figure 10: The exploration of the session order on behaviour pat-
terns. (a) The decisions in the first six sessions are taken into consid-
eration for the projection. (b) and (c) are the behaviour patterns of
P1 (randomized) and P2 (default) in (a), respectively. (d) All session
decisions are taken into consideration. (e) and (f) show behaviour
patterns of P3 (randomized) and P4 (default) in (d).

for a randomized session order, faithfully mirroring the original sys-
tem employed by our collaborative team for experiments. We en-
gaged 30 undergraduate students (17 males and 13 females) in 20
rounds of experiments, each with randomized session orders. Sub-
sequently, their experimental results were integrated with the initial
experimental data into the EBPVis.

E1 began by selecting the decisions on the first six sessions
(Work, Health Investment, Repay, Loan, Investment, and Venture)
through the Control Panel and clicking the ‘DBSCAN’ button to
observe the embedding result in the Decision View, as shown in
Figure 10(a). Behaviours in a randomized order are marked with
black strokes to distinguish them from the default order. E1 picked
two clusters: P1 with a randomized order, and P2 with a default or-
der. Figures 10(b) and 10(c) provided pattern overviewswithin these
clusters. He observed a consistent line distribution in the radar maps
of the two figures in the first six sessions, whereas the remaining ses-
sions displayed more scattered lines. This indicates that Doc2Vec
can effectively capture similar behavioural patterns. In addition, he
noticed that most of the projection points in P1 are filled in red,
while most of the points in P2 are filled in green. This suggests that
randomized orders are associated with wealth loss, while default or-
ders tend to result in wealth gain. To explain this phenomenon, upon
careful pattern analysis, E1 observed that compared to the experi-
ments in P2 which consciously placed the process of accumulating
and safeguarding wealth in the first half of fixed orders, sessions
in P1 featured disasters and illness early, with work coming later.
Such orders potentially made individuals with limited funds for in-
surance, lottery tickets and investments. It was challenging for them
tomitigate losses from disasters and illnesses, consequently missing
out on opportunities to become rich.

E2 proceeded by concurrently selecting all decisions via the Con-
trol Panel, promptly updating the Decision View. As depicted in
Figure 10(d), the projection points exhibited a distribution pattern
featuring sizable clusters that were further segmented into smaller
ones. He deduced that this resulted from fewer similar patterns

aligning across 12 decision-making rounds compared to the case
where only six rounds were required. Among them, he chose clus-
ter P3 with randomized order and P4 with default order, examin-
ing their pattern details in Figures 10(e) and 10(f). Notably, regard-
less of order disruption, he observed consistent behaviours within
the radar map at all sessions, with outer also maintaining consis-
tency. Through the above comparison and explorations, experts be-
lieved that our pattern extraction model could help them identify
behavioural patterns with common characteristics of both decisions
and profits on the sessions of their interests (R1), and verify the im-
pact of experimental order on decision-making.

6.4. Expert interview

System capability and effectiveness. The three experts had never
used such a visual analytics tool before, and they were all impressed
by our system. E1 told us, ‘Although traditional statistics analytical
methods are useful, this interactive system provides more flexibil-
ity and feedback to explore, display and understand the economic
behaviors’. In addition, all experts thought the Decision View was
helpful for them to identify and extract the economic behaviour pat-
terns. E1 noted that while traditional tools like Stata and SPSS rely
on pre-defined models and manual feature extraction, our Doc2Vec
representation captures subtle behaviour similarities and differences
often missed by these traditional methods. Particularly, E3 told us
that the multiple attribute combination and the timeline were useful
to specify attributes and periods of interest and extract the relevant
patterns. E2 stated that the success of economic theories relies on
explaining market participant behaviour. He praised our system for
effectively elucidating subjects’ decision–profit interactions, reveal-
ing behavioural heterogeneity and facilitating the quick compari-
son of different behaviour patterns. However, E2 also mentioned
that since he took part in the economic experiment, he wanted to
know and explore his decision behaviours. So he suggested that
if the system could allow users to retrieve one subject and further
highlight his decision data in different views, it would be more
user-friendly. More importantly, he hopes that future versions of
EBPVis can provide exploratory functions guided by different ex-
perimental economic tasks, such as analysing the impact of imme-
diate effects, endowment effects and learning effects on individual
preferences.

Visual design and interactions. The visualization views were
appreciated by our experts. They found the Outcome View designed
in the system was visually appealing and conveyed complementary
information regarding the outcome variables. E2 commented that
the functions of each view and their interactions enabled him to ex-
plore the behaviour patterns at different levels. As for the nested
radar map, E1 commented, ‘Its dual-layered design within a lim-
ited visual space, allowing for detailed analysis of complex behav-
ior patterns, making it easier for me to compare decision and profit
information simultaneously’. E3 found the Individual View and the
glyph design exciting and easy to understand, ‘I can filter a few sub-
jects of interest through this view and take them as a good or bad
example to analyze whether these subjects actually learn from their
experiences’. Moreover, he felt it a little tricky to track one subject
due to the crossings and overlaps between curves and glyphs when
many subjects were displayed in the Individual View. So, he thought
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Table 1: User study results.

Category User task
Success
rate

Avg
time (s)

Std dev
time (s)

Behaviour pattern
identification

1.1 Which pattern can help subjects gain the most profits? 100% 14.7 2.9
1.2 Which pattern can make subjects lose the most profits? 100% 12.0 2.1
1.3 Which pattern can make the poor subjects gain profits? 100% 10.1 2.2
1.4 Which pattern can make the rich subjects lose profits? 100% 9.8 1.9

Behaviour patterns
comparison

2.1 Which session has the most consistent decisions for a pattern? 95% 22.4 5.3
2.2 Which session has the most profits for a pattern? 100% 25.6 5.7
2.3 Which session has the largest difference in profits between two patterns? 100% 39.4 8.2
2.4 Which session has the same decision but opposite profits between two patterns? 95% 44.9 9.1

Individual behaviour
exploration

3.1 Which round has one subject been losing the most profits? 95% 10.1 2.6
3.2 Which session has the biggest impact on one round for a subject? 85% 17.2 4.5
3.3 Which session has one subject been making money in? 90% 18.3 5.1
3.4 Which session has one subject been losing money in? 90% 16.7 4.8

it would be better to highlight one specific subject in the context of
multiple subjects. E1 suggested a preference for a simplified sys-
tem to improve user experience, indicating that the current system
is overly complex. He added, ‘For a novice, it might not be easy
to use it right away. Simplifying the interface by filtering the most
important elements is recommended’.

6.5. User study and feedback

To further evaluate the usability of our system, we invited 20 under-
graduate and graduate students (12 males and eight females) ma-
joring in economics and computer science to participate in the user
study. They were all trained to use our system until they were fa-
miliar with the system. Typically, users only need 15–30 minu of
training time to understand the meaning of each view and the func-
tion of our system. Thereafter, they were asked to answer questions
by using the system within the specified time. We designed a series
of questions, which are closely related to the analysis tasks in Sec-
tion 3. For each question, we set the maximum completion time as
60 s. The percentage of users who were able to complete tasks cor-
rectly within the given time, the average and standard deviation of
completion times were recorded, as shown in Table 1.

We collected their feedback on the system when they were per-
forming the above tasks. They all thought the systemwas very novel
and interesting, which could help themmore intuitively explore eco-
nomic behaviours, whether from the overall or micro perspective.
Among them, the undergraduate students in economics told us that
they had taken experimental economics-related courses before, but
the involved principles seemed to be very theoretical and abstract.
‘The behavioral patterns found in this system can work as a good
example to explain what subjects do in the experimental process.
User preferences, behavioral differences and decision-making rules
are revealed intuitively. This system can be used as an auxiliary
teaching tool to enhance students’ comprehension of the concept
of experimental economics’, they commented. Besides, some stu-
dents, who had participated in the experiment, said that when they
faced different tasks in the virtual experimental environment, they
often decided from their own experience. They mentioned: ‘Some
results provided by your system are useful and inspiring. For ex-
ample, the non-rational behaviors derived from the comparison be-

Figure 11: Description and results of questionnaires. The right col-
umn denotes mean ± SD.

tween different behavior patterns let us rethink our decisions and
strategies. We are sure that we will receive more rewards if given
another chance to participate in the experiment’. Despite the posi-
tive feedback, our participants identified some limitations ofEBPVis
and offered suggestions for improvement. One user out of 20 did not
complete UT2.1 and UT2.4 on time, as the user thought that the in-
ner radar map for visualizing decisions was relatively small, so he
had to spend more time observing the details. We observed a decline
in success rate and large variations starting from UT3.2. An out-
lier in UT3.2 noted that identifying which session each petal corre-
sponded to is a little distracting, indicating that resolvingUT3would
require more user interaction and observation among visual compo-
nents. He also pointed out that displaying multiple subjects simul-
taneously in the Individual View might cause petal glyphs to over-
lap. Another participant, who did not complete UT3.3 and UT3.4,
mentioned unfamiliarity with horizon graphs and difficulty in deter-
mining which session each layer represented. Hence, he suggested
adding text labels to the horizon graphs to clarify the corresponding
experimental sessions.

To further gather more explicit feedback on our system, we put
forward five questions covering behaviour patterns extraction, vi-
sual design, interaction, case study and other software comparisons,
using a 7-point Likert scale. As shown in Figure 11, the answers

© 2024 Eurographics - The European Association for Computer Graphics and John Wiley & Sons Ltd.
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to the five questions are generally positive and affirmative. Among
them, our behaviour pattern extraction (Q1), visual design (Q2) and
case study (Q4) all obtained an average score of more than 6 points
out of 7, whichwas very encouraging. However, in Q2, some partici-
pants without a visualization background reported needing more ef-
fort to understand certain visual designs, such as nested radar maps
and horizon graphs. Many participants initially struggled to remem-
ber all the visual encodings and interactions, which required addi-
tional explanations. Yet, after a few trials, they were able to quickly
and successfully gain the desired insights. The interaction (Q3) gar-
nered more mixed reviews. Some users appreciated the range of
functions, while others felt it lacked innovative features. This feed-
back highlights a potential area for improvement in integratingmore
intuitive and novel interactions. Our system (Q5) was broadly ap-
preciated, although we received one criticism that our system has
more advanced visual designs than traditional statistical systems,
but it usually needs some prior knowledge to get started. Although
our system offers significant advantages in visual analysis and be-
haviour pattern recognition, simplifying the initial learning curve
could make it more widely accessible to a broader user base.

7. Discussion

Experiment designers in the Center for Economic Behavior and
Decision-making appreciated the insights and findings provided by
our system. However, our system does have several limitations.

Scalability. Analysing system scalability ensures researchers can
apply EBPVis to both pilot and extensive studies. Doc2Vec con-
verts large behaviour sequences into continuous vectors without in-
creasing linear computational complexity and supports incremen-
tal learning, allowing the model to grow with the data. From a vi-
sualization perspective, users in the case study typically compare
2–4 patterns, each with 10–30 records. The comparison view ef-
fectively meets these needs by displaying up to five patterns side-
by-side, accommodating dozens of records. However, viewingmore
patterns simultaneously requires scrolling, which can increase cog-
nitive load. Sampling and filtering can alleviate visual clutter in scat-
ter plots and nested radar maps for larger datasets, supporting more
complex queries. When examining many subjects in the Individ-
ual View, the visual clutter resulting from the overlaps of glyphs
might arise. To address this, we plan to integrate methods such as
difference views that directly encode differences among multiple
subjects and patterns, posing new challenges for screen space usage
and layout. Furthermore, our system records decisions and earnings
for each subject per session. When the number of sessions exceeds
20, it will lead to small sector angles in the nested radar and petal
glyph, which will hinder perception. To mitigate this, we can allow
users to select specific sessions of interest for further exploration.

Cognitive load of visual design. Our system has received
widespread acclaim from experts and users alike, but there are some
reservations. A key point is that while our advanced visual design
surpasses traditional statistical methods, it requires a certain level
of prior knowledge to use effectively. This highlights a critical chal-
lenge: balancing the intuitiveness and expressiveness of the visu-
alization. To ease the initial learning curve and address this issue,
we plan to add more annotations and interactions in future work.
For instance, providing dynamic tooltips with detailed values and

explanations when users hover over or click on specific sessions of
the petal glyph, and highlighting corresponding sessions of different
petals to help users quickly distinguish and compare them.

Behaviour pattern representation. Experts unanimously agree
that Doc2Vec is highly effective in representing behaviour patterns
compared to traditional descriptive and inferential statistical meth-
ods. Its exceptional ability to capture contextual information aids
in distinguishing the combination of decision and profit, making
it suitable for highly interpretative economic research. However,
Doc2Vec is less effective than pre-trained models in predicting sub-
jects’ behaviours and wealth changes, as it struggles to capture com-
plex non-linear relationships. To address this, we propose integrat-
ing pre-trained models [WLW*23] such as BERT [DCLT19] and
GPT-4 [RNS*18]. BERT’s bidirectional training and GPT-4’s ex-
tensive pre-training enable these models to capture deeper contex-
tual nuances. By using Doc2Vec for initial feature extraction and
then fine-tuning BERT and GPT on our dataset, we can create a
hybrid model. This approach leverages Doc2Vec’s contextual em-
beddings and the predictive power of BERT and GPT, enhancing the
accuracy of unknown behaviour and wealth predictions. Integrating
these functionalities into an all-in-one platform would significantly
enhance efficiency for experimental economics researchers.

Generalizability. As Vernon Smith, the father of experimental
economics, stated, this field typically employs repeated rounds of
experiments to study the interactive decision-making behaviour of
subjects driven by specific factors [Smi06]. EBPVis, though de-
signed for specific experimental data, can be easily adapted for
other experimental economics applications with minor modifica-
tions. For instance, in transportation, one could analyse the impact
of travel costs on transportation mode choices by simulating var-
ious scenarios (e.g. peak hours, traffic congestion) and collecting
travel choices and cost data. In medical decision-making, one could
evaluate doctors’ altruistic behaviour by designing various scenar-
ios (e.g. resource-limited emergencies, patient financial situations)
and collecting their decision data. These data can be utilized and
transmitted through our system with modified visual components,
such as glyphs. Additionally, our system’s potential is not limited
to experimental economics. It can be extended to address more gen-
eral issues of behaviour sequence and outcome analysis in repeated
sessions and rounds, such as analysing students’ behaviour patterns
and learning outcomes. Our future goal is to integrate an attribute
editor for flexible data attribute definition and modification.

8. Conclusion

In this work, we develop a visual analytics system,EBPVis, enabling
economists to visually explore human behaviour patterns. We uti-
lize a Doc2Vec model to transform the economic behaviours into
an embedding space, in which the behaviour patterns can be easily
perceived and extracted by users. To further explore the correlation
between decisions and outcomes, a set of visual designs such as
the Outcome View, the Comparison View and the Individual View
are designed for users to visually explore the human behaviour pat-
terns from multiple perspectives. Case studies, expert feedback and
user studies based on a real-world dataset have demonstrated the ef-
fectiveness and practicability of our system in the representation of
economic behaviour patterns and certification of economic theories.

© 2024 Eurographics - The European Association for Computer Graphics and John Wiley & Sons Ltd.
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In future work, we will collaborate with experts to conduct long-
term research, aiming to further evaluate the usability and effec-
tiveness of EBPVis in analysing behaviour patterns. Additionally,
we plan to integrate advanced AI techniques to enhance the capture
and prediction of complex behaviour patterns. Our ultimate goal is
to extend the system’s application to a broader range of experimen-
tal economics scenarios, supporting diverse research needs.
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